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•  Tue Mar 3   Jewell 
 Bayesian data modeling and analysis  

•  Thu Mar 5    Moghaddam 

Nonparametric Bayes and Gaussian Processes 

•  Tue Mar 10   Heckerman 

Bayesian networks  



AmbiPous Outline 

•  Basic astronomy classificaPon trivia 
•  Time and place for Bayesian techniques 

•  Basic concepts related to belief 
•  Logic and probability theory 
•  The inversion formula 

•  ApplicaPon to astronomy 



Astronomical ClassificaPon and the 
Pme domain 

•  Moving objects (asteroids, TNOs, KBOs) 
•  SNe (cosmological standard candles, endpoints of stellar 

evoluPon) 

•  GRB orphan aXerglows (constraining beaming models) 

•  Variable stars (stellar astrophysics, galacPc structure) 
•  AGN (QSOs, fuelling mechanisms, lifePmes) 
•  Blazars, Cosmic Rays, … 

Rapid follow‐up  keys to understanding 





Towards Automated 
Event ClassificaPon 

Event 
parameters: 
m1(t), m2(t),… 
α, δ, µ, … 
image shape… 

colors  lightcurves 

etc. 

Expert and ML generated priors 

contextual 
informaPon 

Event 
Classifica<on 

Engine 

P(SN Ia) = … 
P(SN II) = … 
P(AGN) = … 
P(CV) = … 
P(dM) = … 

…. 

A necessity for large synopPc 
surveys 

ClassificaPon 
probabiliPes 
(evolving, 
iterated) 



Basic astronomy classificaPon trivia 
Colors 

•  Magnitude as basic observaPon (flux) 
•  Color as flux raPo 
•  Color‐color diagram as a diagnosPc 

•  Ambiguity  







Basic astronomy classificaPon trivia 

•  Acach probabiliPes through priors to various 
classes and determine what class a newly 
looked at object belongs to 

•  Bayesian techniques allow us to do this in a 
raPonal manner even when some of the data 
is uncertain or missing 



Towards Automated 
Event ClassificaPon 

Event 
parameters: 
m1(t), m2(t),… 
α, δ, µ, … 
image shape… 

colors  lightcurves 

etc. 

Expert and ML generated priors 

contextual 
informaPon 

Event 
Classifica<on 

Engine 

P(SN Ia) = … 
P(SN II) = … 
P(AGN) = … 
P(CV) = … 
P(dM) = … 

…. 

A necessity for large synopPc 
surveys 

ClassificaPon 
probabiliPes 
(evolving, 
iterated) 



Bayesian techniques 

•  Bayesian methods provide a formalism for 
reasoning about par<al beliefs under condi<ons 
of uncertainty 

        Belief is going to be a crucial word 

A: Obama will do a good job 
p(A|K)  belief about A given a body of 
knowledge K. OGen wriHen simply as p(A). 



•  p(NOT A)  belief that A will not happen 
•  When K changes, p(A) and p(NOT A) change 
accordingly 

•  In general: 
•  0 ≤ p(A) ≤ 1 
•  p(sure proposiPon) = 1 
•  p(A or B) = p(A) + p(B) when A and B are mutually 
exclusive 



•  p(A) + p(NOT A) = 1 
•  p(A) = p(A,B) + p(A, NOT B) 
– p(A,B) == p(A and B) 
In general: 
– For Bi = B1, B2, B3, …Bn mutually exclusive  
p(A) = Σ p(A,Bi) = p(A,B1) + p(A,B2) + .. + p(A,Bn) 

We will revisit these later. Catchword: Belief 



An example 

•  A: outcome of 2 dice is equal 
•  B1: 2nd die is 1 
•  B2 .. B6: 2nd die is 2..6 
•  Bi = B1 .. B6 form a parPPon (are exhausPve) 

•  p(A) = Σp(A,Bi) = p(A,B1) + .. + p(A,B6) 
    = 1/36 + .. + 1/36 

    = 1/6 



About belief 

•  Rules have excepPons 
•  Ignoring excepPons leads to uncertainty 
•  If we consider all excepPons, we may not be 
able to proceed 

•  Middle way is to summarize excepPons 

That’s where Bayes formalism leads us to 



An example 

Suppose I have a bird 
What can be said about its ability to fly? 

Birds fly. So the bird under quesPon should be able 
to fly 



An example 

Suppose I have a bird 
What can be said about its ability to fly? 
Birds fly. So the bird under quesPon should be able to fly 

•  What if it’s a penguin? 
•  Dead? 
•  With wings cut? 
•  Made of paper? 

Summary: Most birds can fly. Need to make it 
quanPtaPve 



Logical approach? 

•  Assign numerical values to uncertainty and 
combine them like truth values 

•  But sources of uncertainty are not 
independent and it is not easy to evaluate 
effect of addiPonal evidence e.g. in the last 
example, if we are told that the said bird has 
existed for 1 year, how do we take that into 
consideraPon? 



What is p(B|A)? 

•  Not “Given A, the probability that B is true” 
That is true only if B does not (also) depend on 
anything else. Because if we knew other things, 
may be the probability will be different. 

If of 10000 species 10 can’t fly, then: 
 p(cant fly | bird) = 1/1000 (blanket statement) 
 That does not indicate if we know anything else 
(here, e.g. that the bird has existed for 1 year). 

Verifica<on of irrelevancy is crucial 



•  Rule: What goes up must come down 
– A: foo comes down 

– B: foo goes up 
– P(A|B) = 1 



•  Rule: What goes up must come down 
– A: foo comes down 

– B: foo goes up 
– P(A|B) = 1 
Is that really true? 

What if upward velocity > escape velocity? 
Where did escape velocity come from? 
Escape velocity was always there 



IntenPonal v. extensional 

•  These rule based systems are computaPonally 
convenient, but semanPcally inconvenient. 

•  The opposite is true of Bayes formalism: its 
declaraPve and model based 

A

B 

1‐m 

n 

m 
P(B|A) = m  => 
In all worlds that sa<sfy A, 
those also sa<sfying B are a 
frac<on m 



ParPPoned CondiPonals and Marginals 



A bit more about logical systems 

•  A: The grass is wet 
•  B: It rained 
A gives credibility to B. In a rule based system, 
that weight increases irrevocably. 

If, later, C: The sprinkler was on,  

And D: The neighbor’s grass is dry 

It is difficult to connect A and C 



• It rained 

B 

• Sprinklers 
on 

C 

• Neighbor’s 
sprinklers 
off 

E 

• Wet grass 

A 

• Neighbor’s 
grass dry 

D 

If anything, C becomes less credible once we know A to be true  



Chaining? 

•  Logic: If A then B and if B then C => if A then C 
•  In plausible reasoning, it can lead to problems: 
–  If the ground is wet, then it rained 
–  If the sprinklers are on, the grass is wet 
Does that mean: if sprinklers are on, it rained? 

If anything, it takes away support for such a 
suggesPon. 



A system of rules produces coherent updates if 
and only if rules form a directed tree i.e. no 
two rules may stem from the same premise. 
Wet grass here points to to possible 
explainaPons. 

It rained 

Grass is wet 

Sprinklers 
on 



Why networks? 

To make p(B|A) meaningful, we have to show: 
 Other items in knowledge base are irrelevant 
to B 

 Becer sPll, make unignorable quickly 
idenPfiable and accesible 

Neighboring nodes in a graph allow that. What is 
not local does not macer! 



Networks are also used in AI etc. but BN have clear 
semanPcs. Most features can be derived from the 
knowledge base. 

These play central role in uncertainty formalisms 
   BN 
   causal nets 
   influence diagrams 
   Constraint networks 



More important terms 

•  Likelihood: in blackjack the likelihood of gecng 
10 is higher (because it can be 10, J, Q or K) 

•  CondiPoning:  
P(A|C) = p(A,C)/p(C) 

Belief 

CondiPoning 
bar 

Knowledge/
context 

P(fly(a)|bird(a)) = HIGH 
P(fly(a)|bird(a),sick(a)) = LOW    (non‐zero!) 

(retracPon possible) 

P(fl|bird) = α *p(fl|bird,sick) + (1‐α)*p(fly(bird, NOT sick)  0<α<1 

•    Relevance: potenPal change in belief due to change in 
knowledge 



•  CausaPon: 

rain 

sprinkler 

Wet 
pavement 

Banana 
peel 

Fall due to 
slipping 

Once falling is observed 
its irrelevant why the 
pavement was wet 



Using the terms just explained we can use 
probability for describing qualitaPve 
phenomena. 

One can see if refinements, extensions are 
possible. If it is based on theory, we can 
understand exactly what adjustments need to 
be made. 



The inversion formula 

p(H|e) = p(e|H)*p(H)/p(e) 
Posterior=likelihood*prior/normalizing constant 

p(e) = p(e|H)*p(H) + p(e| NOT H)*p(NOT H) 

The formula seems to come from: 

 p(A|B) = p(A,B)/p(B) and p(B|A) = p(A,B)/p(A) 



Assesing p(H|e) 

In a gambling room someone calls 12 
Is it from a pair of dice, or from a roulece 
wheel? 



•  For dice: p(e|H) = p(12|dice) = 1/36 
•  For roulece: p(e|H) = p(12|roulece) = 1/38 

Thus if there are more than 38/36 roulece 
wheels in the room, p(roulece) is more likely 

Talking about p(roulece|12) would have been 
much more difficult. 



3 prisoner problem 

1 prisoner. 3 doors. 2 lead to death, 1 to escape. S/He is asked to choose 
one. Once he has indicated his choice, one of the other doors is 
indicated to be leading to death. He is given a chance to switch to the 
third door. Should he?  



What if there are 1000 doors (999 leading to 
death)? Should he switch? 



The Bayesian twist 

Of three prisoners A, B, C only one is going to be 
hanged and the other two pardoned.  

A says to guard: Give this lecer to one of the 
pardoned ones. 

An hour later, A asks the guard: tell me who did 
you give it to? 

The guard answers “B”. 
A reasons: So either C will be hanged, or I will 
be. Prob. That I will be is 50%. Is he right?  



p(G_A|I_B) = p(I_B|G_A)*p(G_A)/p(I_B) 
       = 1*(1/3)/(2/3) = ½ 

So, applying Bayesian logic incorrectly leads to false 
results. The error here is misinterprePng the 
context. 

Rather than: I_B = B will be released, 
I’_B = Guard said B will be released. 
p(G_A|I’_B) = p(I’_B|G_A)*p(G_A)/p(I’_B)  
=(1/2)*(1/3)/(1/2) = 1/3 



Case of 1000? 

•  1000 prisoners of which 1 is to be put to death 
•  A finds a list of 998 to be released without his 
name on it 

•  What should our belief be that he will be the 
one being put to death?  



Case of 1000? 

•  List of 998 to be released 
•  Query associated with the printout: 998 right 
handers 

•  A is leX‐handed 
•  ?? 
Difficult to treat such ignorance in general. 



•  MulPvalued hypothesis 
•  Uncertain evidence 
•  Virtual (intangible) evidence 
•  PredicPng future events 
•  MulPple causes, explaining away 

•  Pacerns of plausible reasoning 
•  … 



Naïve Bayes 

•  x: feature vector of event parameters 
•  y: object class that gives rise to x (1<y<k) 
•  Certain features of x known: 
–  PosiPon 
–  Flux at observed wavelength 

•  Others will be unknown 
–  Color 
–  Change in mag/flux over Pme baselines  



Naïve Bayes (contd.) 

•  AssumpPon: based on y, x is decomposable into 
B disPnct independent classes (labeled xb) 

•  This helps with the curse of dimensionality 
•  Also allows us to deal with missing values 
•  Alternate parallel supplemental supervised 

classificaPon 
–  Automated Neural Networks (ANN) 
–  Support Vector Machines (SVM) 





Follow‐up (for  missing values) 

•  Such that it will help discriminate becer 
•  Serve probabiliPes so that consumers can 
choose their types of transients 

•  Widest possible models 



Choosing follow‐up configs 

r‐i color, hi‐z quasar, blue star 



Transient classificaPon mantra 

•  Obtain a couple of epochs in one or more filters 

•  Assigns probabiliPes for different classes 
•  Choose observaPons (filters, wavelengths) for best 
discriminaPon 

•  Feed the new observaPons back in 
•  Revise probabiliPes, choose observaPons, … 
•  Based on confirmed class (how?) revise priors 



Summary 

•  Modeling is all important 
•  Local dependencies, irrelevancies to be 
evaluated 

•  Priors, likelihoods to be obtained 
•  Directed Acyclic Graph to be constructed 
•  Data define network 
•  No “training” necessary 



Bayesian Network Toolbox 
hcp://www.cs.ubc.ca/~murphyk/SoXware/BNT/bnt.html 



A Bayesian Network 

Cloudy 

Rain  Sprinkler 

Wet 



CreaPng a DAG 



MulPvalued nodes 



Making the bnet 



Naming parameters 



CondiPonal probability distribuPon 



Entering evidence 



The Catalina Sky Survey 

Catalina Survey Fast Transient (a flare star), 02 Nov 2007 UT: 

4 individual exposures, separated by 10 min Baseline coadd: 

CSS is a search for near-Earth, potentially hazardous 
asteroids, led by S. Larson, E. Beshore, et al. (UAz LPL).  
The survey uses the 24-inch Schmidt on Mt. Bigellow, 
and a single, unfiltered 4kx4k CCD (and also telescopes 
at Mt. Lemmon and Siding Spring).  Coverage up to ~ 
1200 deg2/night 

We are processing their data stream to look for astrophysical transients 







Basic astronomy classificaPon trivia 
context based informaPon 

•  GalacPc laPtude – GalacPcness 
•  Proximity to a galaxy – SN 





CV, SN, 
Blazars, Rest 

‐4 ‐> 4 (10 bins each) 

spectra  lightcurves 



•  N=5 
•  Dag = zeroes(N,N) 
•  C=1;g=2;c1=3;c2=4;c3=5; 
•  Dag(c,[g,c1,c2,c3])=1 
•  Discrete_nodes(1:N) 
•  Node_sizes=[4,10,10,10,10] 
•  Bnet=mk_bnet(dag,node_sizes,names,
{’class’,’galacPc_laPtude’,’g‐r’,’r‐i’,’i‐z’},’discrete’,
1:5) 


